The river situation in a dry or semi-dry area is extremely affected by climate change and precipitation patterns. In this study, the impact of climate alteration on runoff in Kashafrood River Basin (KRB) in Iran was investigated using the Soil and Water Assessment Tool (SWAT) in historical and three future period times. The runoff was studied by MIROC-ESM and GFDL-ESM2G models as the outputs of general circulation models (GCMs) in the Coupled Model Intercomparison Project Phase 5 (CMIP5) by two representative concentration pathway (RCP) scenarios (RCP2.6 and RCP8.5). The DiffeRential Evolution Adaptive Metropolis (DREAM-ZS) was used to calibrate the hydrological model parameters in different sub-basins. Using DREAM-ZS algorithm, realistic values were obtained for the parameters related to runoff simulation in the SWAT model. In this area, results show that runoff in GFDL-ESM2G in both RCPs (2.6 and 8.5) in comparing future periods with the historical period is increased about 232-383% and in MIROC-ESM tends to increase around 87-292%. Furthermore, GFDL-ESM2G compared to MIROC-ESM in RCP2.6 (RCP8.5) in near, intermediate, and far future periods shows that the value of runoff increases 59.6% (23.0%), 100.2% (35.1%), and 42.5% (65.3%), respectively. This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and redistribution, provided the original work is properly cited
INTRODUCTION
The impact of climate change on the availability of water resources has been attracting the attention of researchers throughout the world (Faramarzi et Thus, there is a great deal of concern among researchers about the increasing threat of water scarcity not only in the region but also at global scale (Vörösmarty et al. ) . As a result, in the global warming context, comprehensive assessment of water resources is a vital part of understanding the availability of water and improving water management towards maintainable, effective, and instrumental usage of scarce freshwater resources. Furthermore, climate change has a significant impact on water availability in river basins and there is an interaction between water resources and climate change (Faramarzi et al. ) . Spatial and temporal variabilities of water resources in basins are severely impacted by climate change (Vörösmarty et al. ) . Due to the high variation and low rate of precipitation in dry and semidry areas, many sectors can suffer direct or indirect effects on the economy and can lead to loss of people (Anyamba future climate conditions at global and regional scales. Tan et al. () used five GCMs under RCP2.6, RCP4.5, and RCP8.5 for two future periods (2015-2044 and 2045-2074) and concluded an increase of future annual runoff in Kelantan River Basin in Malaysia. Sun & Peng () using ten GCMs of the CMIP5 under RCP4.5 estimated the future annual runoff in the north-south transect of eastern China for a future period (2011-2100). Yang et al.
() simulated precipitation and runoff in Luanhe River
Basin in north China using GCMs under four RCPs (i.e., RCP2.6, RCP4.5, RCP6.0, and RCP8.5) for a future period (2020) (2021) (2022) (2023) (2024) (2025) (2026) (2027) (2028) (2029) (2030) . The result showed that runoff may increase between 39 and 58% compared to the observed runoff depth. 
MATERIALS AND METHODS
The study area
The study area, Kashafrood Basin (KB), is located in Razavi 
Moreover, the modified Soil Conservation Service Curve
Number (SCS-CN) was used to evaluate the surface runoff.
The potential evapotranspiration (PET) was also calculated by the Hargreaves method. The Muskingum method was employed to route runoff. Flow was simulated from 1997 to 2011, and the first three years were selected as the model warm-up period. Finally, the monthly data set was used for calibration purposes, which related to an 11-year time span (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) .
DREAM-ZS algorithm
The DREAM algorithm has been employed as an effective and robust sampler in numerous studies ( 
where, g and q are length and number of the Markov chains, respectively; W is average q within sequences' variances, and B/g is variance between q sequence means.
Given that the values of posterior distribution are less than 1.2 for all of the parameters, it turns out to be stationary (Vrugt et al. a, b 
where Y and θ are the vectors of model output and unknown model parameter sets with d dimension, respectively.
Parameter set (θ) in Bayesian framework can be calibrated by minimization of the errors e(θ), including distinction between corresponding observed output and the model prediction. However, the errors involved in the hydrologic models (data, structure, output, and parameter calibration errors) could be kept independent having PD with a constant variance and zero mean (Schoups & Vrugt ) . For details about DREAM-ZS see Vrugt et al. (a) .
In this study, a prior set of DREAM-ZS algorithm has been considered via the calibrated parameter set of cali- P-factor, NSE, and d-factor are in the range of 0-100%, À∞-1, and 0-∞, respectively. In the calibration process, P-factor close to 100% (observations bracket via prediction uncertainty width) and d-factor value of zero (to reach a smaller uncertainty limit) show good agreement between the observed and simulated values ( 
).
The best CMIP5 models with the highest fit to the observed data were selected on the following steps, after downscaling the climatic parameters of the precipitation and temperature: The historical data of four stations which were located on the network nodes (with intervals of 0.5 degrees (longitude and latitude) to each other) around each station were extracted by ArcGIS. Then, the historical data of the station were calculated via inverse distance weight (IDW) method. Thereafter, according to the 
RESULTS AND DISCUSSION
Since the observed data are very restricted, only the results related to the calibration data set are illustrated and the results of the validation data set are excluded. (Table 4 ).
Results of DREAM-ZS based optimization
DREAM-ZS convergence was constantly checked by R statistic for each parameter (see Figure 4 ) and could be achieved when all the sampling parameters fell under the threshold of 1.2 (see Figure 4 , dashed line). In the current research, the algorithm reached the favorite convergence rate after performing a few iterations (about 5,250 runs) for all sensitive parameters.
After these chains converged, the posterior parameter distributions of the SWAT model were produced with the last 20% of the parameters' set (i.e., 10,000 parameters' set). These plots are illustrated by Figure 5 . Also, the best values (maximum likelihood) for all parameters are represented by (×) (see Table 5 ) where the x-axis represents and three mid-stream (GOLJAGHR, HESDEHB, and ZIR-BAGOL) gauging stations. Also, in Figure 5 , the x-axis of plots is demonstrated time from 0 to 132 months. The obtained values for three evaluation measures (NSE, d-factor, and P-factor), which show the performance of uncertainty analysis, are presented in Table 5 . The uncertainty origins, such as U1 and U2, might be considered as the total (and parameter) uncertainty. As can be seen in Figure 6 watershed and is exposed to high spatial and temporal variability in rainfall distribution that cannot be captured exactly using rain gauges in the basin. Therefore, such The simulation results show that in the northern part of the watershed, the runoff values would be higher than the southern part with almost the same pattern for different time periods. However, there are some differences in the sub-basin scale in the amount of runoff (Figures (7) - (9)).
The mean annual runoff in the near future under RCP2.6 (RCP8.5) in GFDL-ESM2G and MIROC-ESM models, respectively, is about 173 (182) and 108 (147) On a sub-basin scale (Figure 10 After 50,000 runs, the best posterior parameters were 
